We developed a habitat suitability index (HSI) model to identify the optimal habitats of swordfish (Xiphias gladius) in the equatorial Atlantic Ocean. Environmental variables, including sea surface temperature (SST), mixed layer depth (MLD), chlorophyll-a concentrations, and sea surface height anomaly, as well as catch and effort data from Taiwanese longline fisheries, were used. The geometric mean model including all the above environmental variables was identified as the most parsimonious model for yielding HSI predictions coinciding with productive fishing grounds with high fishing effort. Swordfish mainly aggregated in the northwest region during March-May and spread southeast thereafter in response to seasonal shifts in oceanographic conditions. There was annual variation in the distribution of habitat patches, and the habitat quality was reduced in the northwest region of the equatorial Atlantic Ocean during 2005. The apparent spatial shifts in optimal habitats might be linked to reduced MLD and elevation in sea surface height, which might be related to climate variability (e.g. Niño-Southern Oscillation and/or Northern Atlantic Oscillation). Because environmental data regarding climate change scenarios are becoming readily available, we can utilize the proposed HSI models to evaluate possible changes in habitat suitability resulting from climate change and provide scientific advice for the development of management regulations.
Introduction
Swordfish, Xiphias gladius (Linnaeus, 1758), is a highly migratory cosmopolitan species distributed throughout tropical, subtropical, and temperate waters between 458N and 458S (Nakamura, 1985) . The International Commission for the Conservation of Atlantic Tunas (ICCAT) defines the three distinct management units: the North Atlantic, South Atlantic, and Mediterranean Sea stocks. This is supported by biological, genetic (Kasapidis et al., 2007) , and fishery (catch-per-unit-effort, cpue; Neilson et al., 2007) studies. These three stocks were found to mix in some studies (Alvarado et al., 2007) .
The broad geographical distribution of swordfish in the Atlantic Ocean implies that this species supports important commercial fisheries in many countries and regions. For example, the North Atlantic stock is mainly targeted by longline fleets from Spain and Canada, but is sometimes also fished by Taiwan and Japan. The major longline fleets targeting the south Atlantic stock are from Brazil, Uruguay, and Venezuela. The average annual swordfish catch in the North Atlantic during the 1980s-1990s was estimated at 15 000 metric tons. Catch since 1998 has had a decreasing trend. The total South Atlantic swordfish catch was relatively low before the 1980s, then progressively increased to a peak of 21 930 metric tons in 1995 due to the shift in fishing effort from the North Atlantic and other oceans to the South Atlantic Ocean. During the recent decades, both North and South Atlantic swordfish catches have shown decreasing trends ( Figure 1 ). The reduction was partly attributed, among others, to the implementation of ICCAT regulatory measures and the shift of fleets towards other oceans and to changes in target species (ICCAT, 2010) . The stock assessment of swordfish in the North Atlantic suggested that the stock was above B MSY (i.e. biomass supports harvest of the maximum sustainable yield, MSY) and fishing mortality was below F MSY (i.e. fishing mortality rate associated with MSY) for the last 5 years. However, the stock status of the South Atlantic swordfish was uncertain, resulting from large uncertainties of input parameters and conflicting trends of cpue indices used in the stock assessment (ICCAT, 2010) .
Pelagic fish tend to move in response to changes in their biotic and abiotic environment, following ontogenetic changes resulting from biological needs for feeding and reproduction (Humston et al., 2000) . Thus, environmental variables can greatly influence pelagic fish distribution and, subsequently, vulnerability to fishing mortality on various spatio-temporal scales (Maury et al., 2001) . Many oceanographic and biological variables have been hypothesized to influence the abundance and distribution of swordfish, such as sea surface temperature (SST) (Nakamura, 1985) , sea surface height (gyres and eddies; Tserpes et al., 2008) , mixed layer depth (MLD; Hazin and Erzini, 2008) and/or frontal zones producing locally elevated chlorophyll-a concentrations (CHL) and zooplankton abundance (Seki et al., 2002) .
Temperature has a profound effect on fish physiology and is usually employed as a proxy for environmental conditions to regulate fish movement and distribution. Water temperature recorded in satellite-tags indicated that the average temperature preferred by swordfish during the day could reach as low as 108C, whereas it was 288C at night when they move up to the near-surface waters (Sedberry and Loefer, 2001) . Seasonal latitudinal migrations of swordfish are well documented in the three Oceans (Nakamura, 1985; Seki et al., 2002; Neilson et al., 2009; Poisson and Fauvel, 2009) , and these migrations happen possibly as a result of seasonal changes in ocean temperature. Water temperature also influences the vertical movement of fish. Although swordfish have evolved a specialized muscle that functions as a brain heater enabling them to tolerate a wide range of temperature (e.g. rapid movement between surface waters and great depths where water temperatures are much lower; Carey and Robison, 1981) , the vertical distribution of swordfish is generally limited by the depth of thermocline (Block et al., 1992) .
Swordfish may also respond to the changes to oceanographic variables in an indirect way. The frontal zones and eddy fields produce locally elevated chlorophyll concentrations and zooplankton abundance, mechanically affect local aggregation of prey organisms and thereby stimulate feeding conditions (Owen, 1981) . For example, swordfish feed on prey concentrations of neon flying squid (Ommastrephes bartramii) and Pacific pomfret (Brama japonica) associated with the Subarctic Frontal Zone during spring and summer and Subtropical Frontal Zone during winter in the northern Pacific (Bigelow et al., 1999) . These seasonal variations in prey availability probably play an important role in the timing of peak fishing activity in the Hawaii-based fishery (Seki et al., 2002) .
Large-scale environmental and climatological variability (e.g. Niño-Southern Oscillation, ENSO; Northern Atlantic Oscillation, NAO) may strongly affect the population distribution and production of tuna-like species. For example, the spatial shifts in the skipjack (Katsuwonus pelamis) population are linked to large zonal displacements of the warm pool that occurs during ENSO events (Lehodey, 2001) . The interannual variability in blue marlin (Makaira nigricans) distribution appears associated with El Niño events and is related to shifts in sea surface temperature and deepening of the thermocline (Su et al., 2011) . Rouyer et al. (2008) also demonstrated that the NAO events seemed to structure the patterns of variations of the tuna and billfish cpue time-series over the North Atlantic on a larger scale, whereas at a more regional scale, the patterns of variations were primarily related to the fishing gear. In the tropical Atlantic, the effects of environmental anomalies on tuna and tuna-like species are less obvious, but not absent (Zagaglia et al., 2004) . Therefore, it can be anticipated that swordfish react to changes in habitat characteristics and forage availability through their shifts in distribution.
The habitat assessment models [e.g. habitat suitability index (HSI) modelling] have become a common tool to yield habitat preference information such as functional relationships of fish abundance with spatial, temporal, and environmental variables, and may provide a scientific basis for habitat protection and fishery management (Chen et al., 2010) . These models can be used to explore future changes in fish spatial patterns given adequate predictions of key habitat variables. The objectives of this study were to develop an HSI model to examine the functional relationships between the distribution of swordfish and various oceanographic variables and to evaluate the temporal and spatial variations of swordfish habitat availability using remote-sensing data in combination with fisheries data collected from the Taiwanese distant-water longline fishery in the equatorial Atlantic Ocean. The developed spatial habitat assessment model can be used to evaluate the impacts of climate change, which can help develop effective management schemes for the sustainable exploitation of this important fisheries resource.
Material and methods
In this study, we chose the region between 308N 208S and 658W 258E as our study area (Figure 2 ). The Taiwanese distant-water longline fishery operating in this area contributed on average more than 75% to its annual catch of swordfish in the Atlantic Ocean during 1998 -2007 (ICCAT, 2010 . The longline catch (in number) and effort data (in hooks) grouped by year and month were obtained from the Overseas Fisheries Development Council of Taiwan (http://www.ofdc.org.tw/). These data were aggregated to a spatial resolution of 58 × 58 grid because of confidentiality. Data of 1998-2007 were used for the analyses, because satellitebased CHL and MLD data were not available before 1998. Although the swordfish was a bycatch species in the Taiwanese longline fisheries, we assumed that the swordfish cpue from the Impacts of environmental variation on the habitat suitability of swordfish longline fishery was a good indicator of stock abundance on the fishing grounds (Su et al., 2011; Chang et al., 2012) . Seasonal variation in the longline fisheries was evaluated by fitting a smooth spline (Su et al., 2011) to monthly fishing effort and nominal catch rates of swordfish.
The following environmental variables, which were suggested in previous studies to influence swordfish abundance/distribution (Podestá et al., 1993; Hazin and Erzini, 2008; Tserpes et al., 2008; Chang et al., 2012) , were considered in this study: SST, MLD, sea surface height anomaly (SSHA), and CHL. The oceanographic data were averaged to a 58 grid to correspond to the spatial grid used for the fishery data. The nominal cpue at i fishing grid (58 × 58) in month m and year y was calculated as
where C y,m,i is the total number of fish caught for all the fishing vessels within i fishing grid in month m and year y; and E y,m,i is the total number of hooks of all fishing vessels at i fishing grid in month m and year y. The environmental data were obtained from the following sources: (i) monthly SST fields for 1998-2007 from the National Centers for Environmental Prediction (NCEP) Reynolds dataset (http://poet.jpl.nasa.gov/) which was optimally interpolated using multichannel SST and in situ data into a 18 × 18 resolution for both weekly and monthly grids (see Reynolds and Smith, 1994) ; (ii) monthly average CHL (9 km resolution) for 1998-2007 from the Sea-viewing Wide Field-of-view Sensor (SeaWiFS, version 5.1) Level 3 mapped product (see Campbell et al. (1995) To evaluate the effect of environmental and climatological variability (e.g. climate change) on oceanographic features, time-series contour maps of oceanographic conditions in the tropical Atlantic Ocean were created using the selected monthly oceanographic data for 1998-2007. The pattern of alternating positive and negative indices of the North Atlantic Oscillation was observed within the study period, which suggests that there was a substantial change in regional oceanographic condition in the Atlantic Ocean (Parsons and Lear, 2001) . Medians (chosen to reduce impacts of extreme values) of those oceanographic data (during 1998-2007) were taken for each month and used to construct the timelongitude isopleths to represent a year-invariant, but seasonal, marine environment for the contrast to the interannual environmental variations (see Su et al., 2011) .
HSI model
For each environmental variable (oceanographic factor), we first set up the suitability index (SI) model to describe the relationships between environmental variables and cpue. The SI is continuous and has values ranging from 0 to 1.0. For the SI model, we used cpue as the response variable (i.e. relative swordfish abundance index; Richards and Schnute, 1986) , and the oceanographic variable as the explanatory variable. The spline smooth regression method (software R was used to implement this analysis, R Development Core Team 2009) was applied in the SI models. Diagnostic plots, i.e. the distribution of residuals and quantilequantile (Q -Q) plots, were used to evaluate error distribution (e.g. lognormal distribution) and to identify the most appropriate model fit. We designated the areas with the highest cpue as optimal habitats and the areas with the lowest cpue as poor habitats. Thus, the predicted values of the SI model were converted/standardized into an SI which is continuous and has values ranging from 0 to 1.0 :
whereŶ is the predicted value of cpue;Ŷ min andŶ max are the minimum and maximum values of the predicted cpue values from 1998 to 2006, respectively. In this study, the range of each environmental variable corresponding to the SI values of larger than 0.6 was considered to be the optimal range for the swordfish .
The SI values derived from each environmental variable were then combined into the empirical HSI model. Two empirical HSI models [arithmetic mean model (AMM) and geometric mean model (GMM)] commonly used to estimate habitat availability were considered in this study (Chen et al., , 2010 . The two empirical HSI models were described as follows:
Arithmetic mean model:
Geometric mean model:
where SI i is the suitability value associated with the ith environmental variable; and n is the number of environmental variables considered in this study. Based on the previous studies on the relationship between environmental variables and swordfish cpue (Bigelow et al., 1999; Sedberry and Loefer, 2001; Tserpes et al., 2008) , we considered SST as the primary variable for classifying [1998] [1999] [2000] [2001] [2002] [2003] [2004] [2005] [2006] were estimated by the approach described above. We assumed that a positive simple linear relationship existed between the HSI and cpue (Chen et al., 2010) . The goodness-of-fit of the above linear relationships for different HSI models under various combinations of SI values was evaluated and compared based on the adjusted-R 2 and Akaike Information Criterion (AIC) for evaluating the model performance in detecting the potential optimal habitats for swordfish. The model that yielded the minimum AIC value or appropriately grouped the fishery catches/catch rates by the HSI classes (e.g. 0.2 intervals) was selected as the best model Chen et al., 2010) . This model was then used for model testing and validation. Fisheries and corresponding environmental data from 1998 to 2006 were applied to the selected (best) HSI model. Environmental data in 2007 were used as inputs in the model to estimate the seasonal maps of HSI. The predicted maps of HSI were then compared with the seasonal fishery data made in 2007 to evaluate the model performance for forecasting potential optimal habitat/fishing grounds of swordfish in the equatorial Atlantic Ocean.
Evaluating impacts of environmental variation
Annual and seasonal variations of swordfish HSI maps produced by two sets of environmental variables were used to evaluate the environmental variation on the optimal habitat patches. The first ("original") was the month-varying environmental variables during 1998-2007 and the other (referred to as "reference") was based on the median over 1998-2007. Impacts of environmental variation can be evaluated by comparing the predictions for the two sets of environmental variables. Furthermore, timeseries longitude and latitude sections of the relative changes (%) of swordfish HSI were computed as the difference between the averaged predictions based on original and reference datasets (Su et al., 2011) .
Results
In all 6849 observations made by the Taiwanese distant-water longline fishery were used in the analyses, of which 3917 observations had a catch of at least one swordfish. The longline fisheries were distributed throughout the study area (Figure 2 ), and were operated continuously during the year, with some seasonal variations (e.g. higher fishing efforts during December-February; Figure 3a ). The monthly variation in nominal catch rates of swordfish was quite minor when the data were spatially averaged (Figure 3b) . However, the highest catch rates of swordfish were obtained from the region of 108N-108S (Figure 2 ).
Interannual variability in the environmental variables
There was interannual variability in the environmental variables within the study period (Figure 4 
Swordfish cpue in relation to environmental variables
The statistical analysis of the SI model for each environmental variable was shown in Table 1 . Effects of all the environmental variables included in this study were statistically significant at a ¼ 0.01. The SI model for SST accounted for the most deviance (.5%) and had the smallest AIC value compared with other models. Other SI models in the order of explaining the most amount of the deviance (.1%) were those for CHL, MLD, and SSHA. The catch occurred in areas where SST and MLD varied from 17.43 to 30.188C and from 10.25 to 119.72 m, respectively. The optimal ranges of SST and MLD (i.e. SI larger than 0.6) tended to be between 24.85 and 28.428C (Figure 5a ) and 19.88 and 57.59 m (Figure 5b ), respectively. For SSHA, the catch occurred in waters with SSHA ranging between 20.14 and 0.12 m and the optimal range of SSHA was between 20.06 and 0.03 m (Figure 5d ). We also found that the catch occurred in waters with CHL ranging from 0.03 and 0.49 mg m
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, and the optimum CHL tended to be between 0.15 and 0.27 (Figure 5c ). The Q -Q plots suggested that residuals followed lognormal distribution and the modelling distributional assumptions were satisfied. 
HSI model selection
The HSI values were estimated using the two empirical models for different combinations of SI values (see Table 2 ). Different HSI models including one to four environmental variables were evaluated for the most parsimonious HSI model. The HSI model with four variables (i.e. SST, MLD, SSHA, and CHL) was the best when the AMM and GMM were applied. When all environmental variables were included, the GMM model yielded better results in predicting the cpue because its AIC value was the smallest (AIC ¼ 15 456).
To further compare the performances of the two best HSI models (i.e. AMM and GMM with four environmental variables), we estimated the percentages of total fishing effort and total catch, average monthly catch, average fishing effort, and cpue of the swordfish in the equatorial Atlantic Ocean according to the classified HSI classes for each model (Table 3 ). The number of observations and percentages of total fishing effort were distributed more uniformly among different HSI classes for the GMM model compared with the AMM model. For example, the number of observations (n ¼ 7) and the percentages of total fishing effort (0) within the AMM-based HSI class range of 0 -0.2 were much smaller than the values of 723 and 0.1, respectively, observed in the corresponding GMM-based HSI class. This might result from the estimated HSI values being close to zero for the GMM algorithm when a habitat variable was unsuitable. Although the average fishing effort was evenly distributed among different GMM-based HSI classes, higher percentages of total catches and average monthly catches were observed in the relatively more optimal habitats of swordfish (HSI value .0.6).
In general, both AMM and GMM models indicated that the cpue values increased with the HSI values. However, the mean cpue value for the GMM model was slightly larger than that for the AMM model in each HSI class (Table 3) 
HSI model validation
Seasonal cpue values in 2007 were superimposed on the seasonal HSI maps derived from the GMM model based on the observed environmental data in 2007 ( Figure 6 ). Seasonal variation was Impacts of environmental variation on the habitat suitability of swordfish obvious for spatial distribution of the HSI values. In general, higher cpue values occurred in the areas where higher HSI predictions were found for all seasons, except for the second season (June-August). This implies that the selected GMM model could yield a reliable prediction of the optimal habitat convergence zone/potential fishing ground for the swordfish in the equatorial Atlantic Ocean.
Impacts of environmental variation
Annual and seasonal HSI maps were used to evaluate the impacts of environmental variation on the optimal habitats (only presented results for March-May and June-August of 1998, 2000, 2002, 2005, and 2007 , because these maps represented the extremes; Figures 7 and 8 ). Although there was seasonal variation in the areas of the highest HSI, which suggests that swordfish would likely migrate southeast during June-August and northwest thereafter, the optimal habitat was mainly located between 158N-58S and 408W-108W. This latitudinal and longitudinal movement appeared to be associated with the seasonal shifts in oceanographic conditions (e.g. SST variation; Figure 4a ). The predicted year-invariant, but seasonally varying, HSI maps were shown in Figures 7 and 8 (right-lower panel) . A comparison of the predicted HSI maps derived from the "original" and the "reference" datasets indicated that there was interannual variability in the optimal habitat convergence zone related to interannual environmental variations. The model predictions in 1998 were similar to those for ignoring interannual variation in oceanographic conditions, which might be a consequence of a reduced climatological variability in those years. For example, the habitats of swordfish in waters of Guinea in March -May of 2002 became less favourable compared with the predictions derived from the year-invariant environmental variables (Figure 7) . Furthermore, the habitats of swordfish in the northwest region of the equatorial Atlantic Ocean became less optimal in all seasons of the year 2005. The optimal habitat convergence zone was reduced and condensed in the middle region of the equatorial Atlantic Ocean.
Based on the developed model, the time-series longitude and latitude sections of HSI predictions were less varied in the areas of 308W east and 58S south (i.e. southeast region of the equatorial Atlantic Ocean; Figure 9a and b) because the environmental variables of this region did not change substantially among years. However, the relative changes in swordfish HSI values indicated that there was a substantial change in habitat quality in the northwest region of the equatorial Atlantic Ocean in 2005 (308W west and 58S north in Figure 9c and d, respectively) . This implied that the distribution of swordfish might be affected by interannual environmental variations.
Discussion
The fishery and oceanographic data used in this study start in 1998. This dataset covers one major cycle of positive and negative NAO indices, during which the high NAO state was associated with the changes in the pattern and strength of winds, rainfall, and other factors (Parsons and Lear, 2001) . Thus, the effect of interannual variability of oceanographic variables on the swordfish distribution can be evaluated. Although the present study included only one fishing fleet (i.e. Taiwanese distant-water longline fishery), the Taiwanese longliner extended throughout the study area and covered the distribution area of this population. Furthermore, the long time-series data of this fishery can be used to evaluate the potential impacts of interannual environmental variation on the changes in distribution for a cosmopolitan species (e.g. billfishes) (Su et al., 2011; Chang et al., 2012) . However, a cautionary consideration must be made. There were two types of longline gear configurations, regular longline and Impacts of environmental variation on the habitat suitability of swordfish deep longline (equipped with super-cold freezer), which can be distinguished by the number of hooks between two floats (Sun et al., 2010) . The Taiwanese longline fishery started its operations in the Atlantic Ocean since 1960s and was mainly distributed in the tropical area for bigeye tuna (Thunnus obesus) and yellowfin tuna (Thunnus albacares), which led to the development of deep longline operations in the 1990s. Although swordfish was mainly a bycatch in the fishery, catch composition of swordfish showed strong positive relationships with bigeye and yellowfin tuna catches, especially in the tropical areas (Chang and Hsu, 2003) . Thus, the data used in this study might be a good indicator of the swordfish stock abundance on the fishing grounds. Although the data aggregation (e.g. 5 × 5 degrees) may obscure the identification of the factors which may regulate cpue in a fishery in a finer spatial scale, all the environmental factors considered in this study were highly significant and there were clear indications of changes in the preferred latitude and longitude seasonally. Considering the spatial distribution and large scale of movement by this species, the data aggregation should not greatly change the relationship between key habitat variables and fish distribution in this study. However, we suggest that information on finer-scale catch and effort data (e.g. 1 × 1 degrees), operational targeting practicesindividual vessel data collected by on-board observers and fishing strategies and behaviour (e.g. data collected from vessel monitoring systems), along with other environmental variables that were demonstrated to influence billfish dynamics (e.g. dissolved oxygen concentration; Prince et al., 2010) , had they been available, be included in future modelling, which can further improve the predictive power of the model.
It is important to capture both the habitat characteristics and habitat selection in the linkage between physical environments and habitat preference of target species for a reliable assessment of habitat quality. The environmental variables on which this study was based are key predictors for pelagic species habitats 
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Y.-J. Chang et al. (Seki et al., 2002; Su et al., 2011) . Those variables have been demonstrated through satellite-tag (Sedberry and Loefer, 2001) and analyses of fishery catch rates (Bigelow et al., 1999) to affect the dynamics of swordfish. We demonstrated the existence of nonlinear relationships between the swordfish cpue values and the environmental variables considered in this study ( Figure 5 ). Clearly, this implies that the swordfish in the study area are not randomly distributed in relation to environmental conditions. The optimum habitats are concentrated around 24 -288C isotherm, 19-57 m MLD isobath, 20.06 to 0.03 m SSHA contour line, and 0.15 -0.27 mg m 23 CHL isopleths. The results are similar to those in previous findings in the Atlantic. For example, higher cpue values were between 20 and 228C isotherm and .228C for the study in the western North Atlantic (Podestá et al., 1993) and South Atlantic (Hazin and Erzini, 2008) . The highest cpue values were obtained when the MLD was between 30 and 50 m of the surface (Hazin and Erzini, 2008) . Cpue values were higher at the SSHA range of 20.02 to 0.02 in the eastern Mediterranean (Tserpes et al., 2008) or increased with more negative values of SSHA (greater than 20.05 m) (Hazin and Erzini, 2008) . These oceanographic proxy indicators appear to play a critical role in regulating and patterning potential swordfish habitat and migration routes.
Of the four environmental variables considered, SST can better capture the variability of cpue than the other three variables. This is in agreement with the observations of other studies in the Impacts of environmental variation on the habitat suitability of swordfish Atlantic and Pacific Oceans (Nakamura, 1985; Sedberry and Loefer, 2001) . Because SST data can easily be obtained in near real time from remote-sensing data, they can be considered as basic input data in the preliminary forecasting for the optimal habitats for tuna and billfishes (Bigelow et al., 2002; Su et al., 2008) . On the other hand, the frontal structures and eddy fields may play an important role in the development of potential swordfish habitats by creating hydrodynamic trap of prey and stimulating feeding conditions. For example, these habitats were demonstrated to account for significant biophysical responses of swordfish to find prey abundance (e.g. O. bartramii and B. japonica) and physiologically suitable conditions (Podestá et al., 1993; Seki et al., 2002) . We suggest that the identification of the oceanic front through chlorophyll and SST or SSHA (Belkin et al., 2009) could improve the detection and prediction of optimal habitats for swordfish.
Predictive habitat distribution models
Habitat models to improve the understanding of species-habitat relationships and predict species occurrences over broad geographical areas have wide applications in the context of conservation biology, biogeography, and climate change studies (Guisan and Zimmermann, 2000) . The classic approach to quantifying habitats consists of estimating suitability indices based on available knowledge regarding the optimum range of environmental conditions for the targeted aquatic species. The SI values for individual habitat variables are used to obtain a composite HSI by several aggregating methods (e.g. AMM and GMM methods). The AMM is based on the assumption that good habitat conditions on one variable can compensate for poor conditions on other variables. The GMM method derived from the multiplication of single SI (i.e. SI 1 × SI 2 × ,. . ., × SI n ), which is based on the assumption that fish select particular habitat variables independently of others also implies some compensations. Several other aggregating methods also exist, many of which are regression based (e.g. generalized linear models, GLMs and generalized additive models, GAMs). For example, GAMs and GLMs were applied to examine the relative influence of various factors on fishery performance in the Hawaii-based swordfish fishery (Bigelow et al., 1999) and Greek swordfish longline fishery (Damalas et al., 2007) . The GLMs, in contrast, are multivariate-model-building procedures that adjust for covariance among a suite of habitat variables when aquatic animals are known or believed to select habitat variables interdependently. GAMs are semi-parametric extensions of GLMs (Hastie and Tibshirani, 1990) . The strength of GAMs is their ability to deal with highly non-linear and non-monotonic relationships between fish abundance and environmental variables. GAMs are sometimes referred to as data-rather than modeldriven (Guisan et al., 2002) . In this study, the bivariate GAM models were used to describe the possible non-linear relationship between swordfish cpue and each environmental variable. To reduce the model complexity, the composite HSI was combined by the defined SIs rather than predicted by the classical additive approach with models including all environmental variables. We suggested that the simple HSI models can be used for evaluating the assumptions of habitat selection, exploring the effects of environmental changes on habitat patch suitability, and for predicting spatial dynamics of organisms under different management scenarios.
For the HSI modelling, different structures of HSI models for integrating the SI values can yield different predictions of HSI values, and the integrated HSI value is also influenced by the number of environmental variables considered, input dependent variable (e.g. cpue or fishing effort) and the reliability of the SI curve Chen et al., 2010) . When all environmental variables were included in the HSI model, we found that the GMM model performed better than the AMM model based on the goodness-of-fit of the relationship between cpue and HSI values (Table 2) . Chen et al. (2010) suggested that the AMM model with three of the environmental variables (SST, SSHA, and CHL) was the most parsimonious HSI model for O. bartramii, the main swordfish prey species, in the Northwest Pacific Ocean. However, we may need to conduct more studies to evaluate the HSI model performance using other methods. Some of these methods may include other relative abundance indices (e.g. fishing effort or fishery-independent cpue), allocating different weights for different environment variables in developing HSI models and considering more environmental variables that may influence swordfish distributions, such as light levels (Carey and Robison, 1981) , lunar phases (Loefer et al., 2007) , dissolved oxygen concentration (Prince et al., 2010) , and wind velocity (Bigelow et al., 1999) .
Temporal and spatial variation of fish distribution
There are clear indications of seasonal changes in the preferred latitude and longitude ( Figure 6 ). Swordfish migrated southeastwards after the first quarter of the year, and moved to region of 208W-58E and 58N-108S in the third quarter and gradually returned to the eastern part of their distribution during the fourth quarter in the equatorial Atlantic Ocean. Such a seasonal movement pattern may be closely related to the seasonal meridional migration of the Intertropical Convergence Zone (ITCZ) (Bigelow et al., 1999; Hazin and Erzini, 2008) . For example, the most northern displacement of the ITCZ normally occurs between August and September when it reaches 88N and 148N at the western and eastern portions of the Atlantic, respectively, by stronger southeasterly trade winds and extends to the west equatorial Atlantic. Its most southern position is in April, when the north and northeast Brazil regions are subject to the enhanced precipitation produced by this low-pressure belt (Moura and Shukla, 1981) , and stronger wind speed in the west than in the east Atlantic Ocean. A similar seasonal pattern of movement was also observed in the yellowfin tuna in the equatorial Atlantic (Zagaglia et al., 2004) , suggesting that cpue of yellowfin tuna in this region seems to be strongly associated with the ITCZ position and its seasonal variability.
Climate variation and change could result in large-scale interannual variability and trends in oceanographic processes in the world Oceans. For example, ENSO events could result in large-scale changes to various oceanographic features, such as an eastward shift in warm surface waters along the equatorial Pacific Ocean, a deepening MLD, elevated sea surface height, and lowered CHL concentration (Su et al., 2011) . Pelagic species, such as tunas and billfishes, are likely to show substantial changes in their distribution, perhaps before changes occur (or are detected) in other fish species, as they demonstrated a strong interannual response to climate variability (Lehodey, 2001; Rouyer et al., 2008; Su et al., 2011 Outputs produced from HSI modelling indicate the largescale spatio-temporal variation in swordfish habitat conditions (Figure 9 ). More specifically, the swordfish habitats in the northwest region of the equatorial Atlantic Ocean became less favourable due to the shallowing of MLD and elevation of sea surface height in 2005 (Figure 4b and d) . Thus, swordfish most likely compressed their geographic and vertical ranges (or migrated to other habitats that were not included in our study area). Rouyer et al. (2008) demonstrated that the NAO might affect many fisheries of Atlantic tuna and billfish species, especially in the North Atlantic. Furthermore, several studies suggested that global environmental signals could affect fish populations through atmospheric teleconnections. For example, Roy and Reason (2001) found significant correlations between ENSO, NAO, and the effect on upwelling intensity in the Canary Current Ecosystem, and thus annual catch of sardine (Sardina pilchardus). El Niño-like warm events in the Eastern Atlantic (68N, 208S) were observed and suggested to affect fish availability from Congo to Angola (Binet et al., 2001) .
Fishery management implication
The explicit effects of fish mobility and the importance of environmental factors to the distribution of fish are generally ignored in stock assessment and fishery management policy-making. Effective management and conservation of migratory pelagic fish in the open oceans depend on the knowledge of the spatial dynamics of fisheries and relevant ecosystem (Sibert and Hampton, 2003; Su et al., 2008) . The most immediate management implication of this study is that the HSI model can be used to predict suitable fishing grounds for swordfish. Despite a generally good relationship between the predicted HSI value and cpue in 2007 (Figure 6 ), the highest cpue was located outside the optimal habitats in June-August. Such an inconsistency may suggest the variability in the response of the swordfish population to movement of the optimal habitat convergence zone, imperfect location of the highest swordfish abundance by the longline fleet, or a combination of these factors. Billfish species were mainly caught as bycatch in the pelagic longline fisheries targeting other species, particularly tunas; time-area closures have been suggested as a management tool to minimize bycatch yet maintain a high catch of target species (Hobday and Hartmann, 2006) . The temporal and spatial habitat preference patterns identified in this study may provide a scientific basis to the development of temporalspatial closure management for migratory species to reduce billfish bycatch.
Changes in the climate due to anthropogenic effects impact the global oceans and the constituent biology. Pelagic fish, in particular, tend to respond to changes in ocean temperature and to modify their distribution on seasonal and interannual time-scales (Lehodey, 2001 ). An understanding of future distribution is important in planning adaptation strategies for those involved in harvesting marine species (Drinkwater, 2005) . Although knowledge of future physical environments and the resulting biological distributions is limited by several issues related to uncertainty that potentially undermine predictions (IPCC, 2007) and uncertainty of the interaction between environmental variables and fish distribution, given appropriate predictions from global change models, HSI modelling in combination with the geographic information system technology, such as those developed in this study, could be used to explore future changes in the distribution for highly migratory species and to provide a basis for planning strategies to address potential challenges arising from such changes.
